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ABSTRACT

Breast cancer remains one of the leading causes of cancer-related mortality, underscoring the critical need
for accurate and efficient diagnostic solutions. This study presents an enhanced Deep Learning (DL)
framework for the classification of breast cancer histopathological images, integrating both advanced
Convolutional Neural Network (CNN) architectures and explainability techniques. The proposed approach
utilizes the publicly available BreaKHis dataset, which contains over 7,900 histopathological images of
benign and malignant breast tumors captured at varying magnification levels (40x, 100x, 200x, and 400x).
An EfficientNetB3-based CNN is employed for automated feature extraction and classification, addressing
the limitations of traditional Machine Learning (ML) methods that rely on handcrafted features and
typically suffer from reduced generalizability. The proposed model significantly outperforms conventional
classifiers, including Random Forest (RF) (74.56 %), Support Vector Machines (SVM) (77.34%), and k-
Nearest Neighbors (k-NN) (69.67 %), by achieving a test accuracy of 92.33% on the BreaKHis dataset. To
enhance model transparency and clinical relevance, Gradient-weighted Class Activation Mapping (Grad-
CAM) is incorporated, which accurately localizes malignant regions in over 95% of test samples, offering
visual interpretability of model predictions. Additionally, dimensionality reduction techniques, such as t-
distributed Stochastic Neighbor Embedding (t-SNE) and Principal Component Analysis (PCA) are
employed to analyze the feature space. These analyses reveal improved separability between benign and
malignant clusters, further validating the effectiveness of the learned representations. The results of this
work demonstrate the transformative potential of DL, particularly EfficientNet-based CNN architectures,
in delivering both high diagnostic accuracy and interpretability, paving the way for more reliable and
explainable Artificial Intelligence (AI)-assisted diagnostic systems in histopathology.
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I.  INTRODUCTION

and susceptible to inter-observer variability [2]. Al integration

Histopathology, defined as the microscopic examination of
tissue samples for the identification and characterization of
diseases, remains a cornerstone of modern clinical diagnostics
[1]. Accurate histopathological assessments are vital for

determining disease presence, guiding prognosis, and
informing therapeutic  decisions. However, traditional
workflows in histopathology rely heavily on expert

pathologists, making the process time-consuming, subjective,

in digital pathology has the potential to enhance diagnostic
accuracy, reduce clinical workload, and standardize assessment
protocols [3]. In particular, Whole-Slide Imaging (WSI)
technology enables the digitization of entire histopathological
slides, thereby facilitating the use of Al models for analyzing
high-resolution tissue images and identifying critical
morphological features [2]. These advancements can
effectively mitigate observer fatigue and improve diagnostic
reproducibility [4].
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DL, especially CNNs, has revolutionized histopathological
image analysis by learning complex tissue architectures and
cellular patterns directly from data. This capability allows
CNNs to automate a range of tasks, from basic tumor
classification to more complex lesion segmentation [5]. Earlier
Al applications in this field relied on traditional ML methods,
which required handcrafted features, such as texture descriptors
or color histograms [2]. While promising, these approaches
required extensive domain expertise and struggled with diverse
datasets. In contrast, DL architectures have since eliminated the
need for manual feature engineering, allowing CNNs to
generalize across varying tissue types, disease states, and
imaging conditions [3]. Given its global spread, breast cancer
has become a primary focus of Al research in histopathology.
Traditional ML methods in this area often necessitated
extensive annotations and failed to capture tumor
heterogeneity [4]. CNN-based models, however, can recognize
malignancy-related morphological patterns, such as nuclear
atypia and microvascular infiltration, leading to substantial
improvements in diagnostic accuracy [6]. Another important
advancement in Al-driven histopathology is the rise of
explainability. Although CNNs are frequently viewed as
"black-box" models, techniques like Grad-CAM allow for the
visualization of salient regions that contribute to classification
decisions. These types of visualizations can help pathologists
understand Al predictions, thus fostering trust and
collaboration between clinicians and Al systems [7]. Despite
significant progress, several challenges remain. Variability in
tissue  preparation, staining protocols, and scanner
specifications can hinder model generalization. Addressing
these issues requires robust strategies, such as data
augmentation, transfer learning, and domain adaptation [3].
Additionally, regulatory constraints and the lack of
standardized validation frameworks continue to impede the
clinical deployment of Al systems [4, 5].

Looking forward, the integration of Al with multi-omics
data holds promise for personalized medicine. Emerging
research suggests that DL models can infer molecular subtypes
directly from histopathological images, moving the field closer
to morphology-based precision oncology [6]. Although
obstacles remain, Al-powered histopathology is poised to play
a vital role in modern healthcare by enhancing diagnostic
precision and ultimately improving patient outcomes [3, 7].

The BreaKHis dataset, introduced in 2016, has been widely
used for binary and multi-class classification of benign and
malignant breast tumors. Early studies (2015-2017) relied on
handcrafted features—such as color histograms, Local Binary
Patterns (LBP), Gray-Level Co-occurrence Matrices (GLCM),
and morphological descriptors—combined with classifiers, like
SVMs and RF, achieving accuracies between 70-85% [3, 4, 8,
9]. From 2016 onward, enhancements such as ensemble
methods (e.g., Gradient Boosted Trees), color normalization,
and multi-scale patch aggregation offered moderate
improvements [2, 10, 11]. The introduction of CNNs (e.g.,
VGG, ResNet, Inception) in 2018, enabled models to learn
hierarchical feature representations via transfer learning from
ImageNet, thereby boosting accuracy by 5-10% [5, 6, 12, 13].
Subsequent developments have introduced weakly supervised
learning and multiple-instance learning approaches, facilitating

whole-slide classification without the need for pixel-level
annotations [14, 15]. Techniques, such as Grad-CAM, have
further strengthened trust in model predictions by offering
interpretable heatmaps [7, 16]. Innovations include Vision
Transformers [17], self-supervised contrastive frameworks
[18], federated learning for privacy-preserving analysis [19],
and multi-omics integration for deeper biological insights [20].
However, challenges like domain shift, tissue variability, and
ethical/regulatory barriers persist [16]. Outside pathology, Al
applications have influenced various fields, including
serverless deployment architectures [21], educational
personalization [22], healthcare governance [23], emotion
recognition [24], RoBERTa-based sentiment analysis [25],
CNN-GRU  summarization [26], improved stemming
algorithms [27, 28], and Arabic legal prediction using
BERT/GPT models [29]. Together, these interdisciplinary
advancements underscore the rapid evolution from manual,
feature-engineered approaches to sophisticated, explainable,
and scalable Al frameworks.

While previous studies on the BreaKHis dataset have
demonstrated the feasibility of both handcrafted-feature
classifiers and basic CNNs, they confront three key limitations:
i) static data - loading schemes that lead to memory
bottlenecks when handling thousands of high-resolution
histopathology images; ii) reliance on mid-tier CNN backbones
(e.g., VGG, ResNet-50) without leveraging recent, more
efficient architectures; and iii) insufficient integration of
explainability and feature-space analyses to validate model
decisions.

This work addresses these challenges by: i) implementing a
dynamic tf.data pipeline to stream images on-the-fly and avoid
out-of-memory errors; ii) fine-tuning an EfficientNetB3
backbone—one of the latest state-of-the-art CNNs—for binary
tumor classification; and iii) coupling Grad-CAM with t-SNE
and PCA visualizations to provide robust, multi-level
interpretability.

This is the first study on BreaKHis to combine dynamic
data handling, EfficientNetB3 fine-tuning, and explainable Al
techniques, achieving a test accuracy of 92.33 %, which
exceeds previously reported benchmarks.

II. METHODOLOGY

A. Overview

This study presents an improved approach for classifying
breast pathology images by combining DL with traditional ML
techniques. The proposed approach expands on previous
research by incorporating advanced feature extraction and fine-
tuning of the pre-trained EfficientNetB3 model, along with
dynamically managing large-scale image data using the
TensorFlow dataset Application Programming Interface (API).

B. Dataset and Preprocessing

The BreaKHis dataset [8, 30] is a publicly available
benchmark for breast cancer histopathology image
classification. It comprises 7,909 Hematoxylin-and-Eosin
(H&E)—stained microscopic images collected from 82 patients,
with the former labeled as benign or malignant. The benign
class includes adenosis, fibroadenoma, phyllodes tumor, and
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tubular adenoma, while the malignant class encompasses
ductal, lobular, mucinous, and papillary carcinoma. Each tissue
sample was digitized at four magnification levels, 40x, 100x,
200x, and 400x, using an Olympus BX-50 microscope
connected to a Samsung SCC-131AN camera. The dataset
contains 2,480 benign and 5,429 malignant images. For the
present study, the dataset was partitioned using stratified
sampling to maintain class distribution, with 85% of the data
used for training and validation, and the remaining 15% for
testing (random_state = 42). The training and validation subset
was further split into 72.25% training and 12.75% validation,
also stratified to preserve label balance. This study used
scikit-learn’s train_test_split to preserve class balance across
splits, ensuring robust, unbiased evaluation. Unlike previous
methods that load all images into memory, the proposed
approach is a pipeline designed to automatically load images to
avoid memory issues. Each image is read, decoded into a three-
channel Red-Green-Blue (RGB) format, resized to 224x224
pixels (matching the input requirements of the EfficientNetB3),
and scaled to [0,1]. Horizontal flipping and a slight rotation are
applied during training to improve generalization.

C. Model Architecture, Feature Extraction, Training Strategy,
and Optimization

EfficientNetB3 was employed for transfer learning,
initializing the model with pre-trained ImageNet weights and
removing its top classification layer. To adapt the architecture
for binary classification, the current work appended a custom
classification head consisting of a global average pooling layer,
followed by three fully connected (dense) layers with 1,024,
512, and 256 neurons, each using ReLU activation. Each dense
layer is followed by batch normalization and 50% dropout to
mitigate overfitting. A final SoftMax layer outputs the class
probabilities for the benign and malignant categories. To
enable domain-specific feature refinement, the final 50 layers
of EfficientNetB3 were unfrozen, allowing these convolutional
layers to be fine-tuned on the histopathology data. The model
was trained using the Adam optimizer with a learning rate of
1x10°, and early stopping was employed to prevent
overfitting. To address class imbalance, class weights were
dynamically calculated and incorporated into the loss function.
Early stopping and Reduce-LR-On-Plateau were applied to
prevent overfitting. The model was trained over 40 epochs with
a batch size of 32. All hyperparameters were optimized via grid
search based on validation loss. These architectural
enhancements and training strategies led to the learning of
richer, fine-tuned features, yielding a 7-12% improvement in
accuracy over previous benchmarks on the BreaKHis dataset.

The complete workflow of this study is illustrated in Figure
1, covering the data ingestion process, the dynamic tf.data
pipeline, model architecture, explainability through
Grad-CAM, and evaluation steps. Figure 2 details the layer-
wise structure of the proposed CNN.

tf.data Pipeline (Dynamic Loading)
EfficientNetB3 (Fine-Tuning)

Evaluation

Fig. 1. Block diagram of used methodology.

Input
(224%224x3)
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Pooling
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(1024)
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\
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v
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Fig. 2. Layer architecture of the proposed framework, showing the
EfficientNetB3 backbone, followed by the custom classification head with
batch normalization and dropout layers.

D. Gradient-weighted Class Activation Mapping

To interpret the model’s decisions, Grad-CAM was
deployed. Mathematically, Grad-CAM computes the gradient
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of the class score y© with respect to the activation maps Ai-‘]- of
a chosen convolutional layer. These gradients are spatially
averaged to obtain the class-discriminative weights:

Zizf%{; (1)

where Z is the total number of pixels in A¥. The Grad-CAM
heatmap is then computed as:

Liag.cam = ReLUT af 4) 2

1
[
ak—z

This localization map highlights image regions most
influential to the model’s prediction. Full theoretical details can
be found in [7].

E. Evaluation Metrics

For the evaluation of the performance of the proposed
EfficientNetB3 model on the BreaKHis dataset, as well as the
comparison with other traditional ML classifiers, the metrics
used were accuracy, precision, recall, and F;-score, described
by:

TP+TN
Accuracy = ———— 3)
TP+TN+FP+FN
.. TP
Precision = 4)
TP+FP
TP
Recall = %)
TP+FN
Precision-Recall
Fi=2—— (6)
Precision+Recall

where TP, TN, FP, and FN denote True Positives, True
Negatives, False Positives, and False Negatives, respectively.

III. RESULTS AND DISCUSSION

A. Model Performance Evaluation

Table I presents the classification accuracy of traditional
ML classifiers, such as RF, SVM, and k-NN, and the proposed
DL-based CNN model (EfficientNetB3) on the BreaKHis
dataset.

TABLE L ACCURACY OF THE ML AND DL MODELS
IMPLEMENTED ON THE BREAKHIS DATASET
Model Accuracy
CNN (EfficientNetB3) 92.33%
RF 74.56%
SVM 77.34%
k-NN 69.67%

EfficientNetB3 achieved an overall accuracy of 92.33%,
while RF, SVM, and k-NN achieved an accuracy of 74.56%,
77.34%, and 69.67%, respectively. The proposed model's
notably higher accuracy highlights the advantage of deep
CNNs in capturing complex, hierarchical feature
representations that traditional ML models struggle to learn
from raw image data. These findings are consistent with recent
advancements in the field, where CNNs have demonstrated
superior performance in medical image analysis and other
high-dimensional pattern recognition tasks.

Figure 3 presents the training and validation accuracy and
loss curves across 40 epochs. Validation accuracy, which peaks
at approximately 0.91, consistently surpasses training accuracy,
which peaks at around 0.84. This pattern reflects the
application of data augmentation and dropout exclusively
during training, which increases the difficulty of optimizing on
augmented samples. The steady upward trends in accuracy,
despite a persistent gap of about 0.06-0.07, and the significant
decline in loss values indicate stable learning without signs of
overfitting or significant underfitting.

Training vs. Validation Accuracy

0g0d|™ Training Accuracy )
' Validation Accuracy —
0.85
0.80
L. 0754
o
e
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0.65
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0.55 A
0.50 T T T T T T T T T
0 5 10 15 20 25 30 35 40
Epoch
Training vs. Validation Loss
—— Training Loss
1.2 4 ~—— Validation Loss
1.0 1
0.8
w
(U]
]
0.6 1
0.4 1
0.2 1
] 5 10 15 20 25 30 35 40
Epoch
Fig. 3. Training and validation accuracy and loss curves across 40 epochs.

B. Classification Report Analysis

Table II presents the overall class-wise (0 or 1) and macro
performance metrics for the proposed model against the
traditional ML classifiers.
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TABLE II. CLASSIFICATION REPORT FOR ALL MODELS
- F1-
Model Accuracy Precision Recall
score
Class 0 Benign
RF 0.75 0.75 0.28 0.41
SVM 0.77 0.82 0.35 0.50
k-NN 0.70 0.53 0.32 0.40
EfficientNetB3 0.92 0.91 0.84 0.87
Class 1 Malignant
RF 0.75 0.74 0.96 0.84
SVM 0.77 0.77 0.96 0.85
k-NN 0.70 0.74 0.87 0.80
EfficientNetB3 0.92 0.93 0.96 0.95
Both classes Macro
RF 0.75 0.75 0.62 0.62
SVM 0.77 0.79 0.66 0.67
k-NN 0.70 0.63 0.59 0.60
EfficientNetB3 0.92 0.92 0.90 091

The fine-tuned EfficientNetB3 CNN achieved balanced
sensitivity (96% recall on malignant) and specificity (84%
recall on benign), yielding low FN (<6%) and FP (<16%) rates.
In contrast, RF and SVM both attained high malignant recall
(>94%) but poor benign recall (28-35%), resulting in
overdiagnosis, while k-NN showed moderate recall (32-87%).
This improved balance between TP and TN rates confirms the
clinical relevance of the CNN model, as it effectively
minimizes missed cancer diagnoses and unnecessary follow-up
procedures.

C. Explainability and Clinical Interpretability through
Gradient-weighted Class Activation Mapping

As illustrated in Figure 4, each original histopathology
image is paired with its corresponding Grad-CAM heatmap,
which highlights the spatial regions most influential to the
model's classification. These heatmaps effectively localize
discriminative features, offering a transparent rationale for the
model’s predictions. This is particularly beneficial for
identifying tumor regions and differentiating between benign
and malignant tissues, as evidenced by the variation in color
intensities corresponding to class-specific features.

Grad-CAM integration enhances the clinical relevance and
trustworthiness of the proposed Al system by aligning visual
explanations with expert pathological assessments. Unlike
traditional black-box models, the introduced explainable
approach facilitates error analysis, supports early detection, and
guides model refinement by revealing patterns the model has
learned during training.

D. Feature Space Visualization: t-distributed Stochastic
Neighbor Embedding and Principal Component Analysis

Figures 5 and 6 illustrate t-SNE and PCA embeddings of
the CNN-extracted features for benign (0) and malignant (1)
classes. While a distinct cluster for class 1 emerges in both
plots, class O samples present greater dispersion and partial
overlap with class 1. This pattern reflects the inherent
heterogeneity of benign tissue morphology and suggests that
although deep features improve separability relative to
handcrafted descriptors, additional regularization or multi-
modal data may be required to fully disentangle borderline
cases.

Original Image Grad-CAM Overlay

Original Image Grad-CAM Overlay
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Fig. 4. Some examples of Grad-CAM heatmaps model explainability
ability in detecting metastatic cancer in histopathology images.

Figure 7 presents the confusion matrix for the proposed
EfficientNetB3 CNN on the test set. Out of 372 benign
samples, 313 were correctly classified, yielding a specificity of
84%, while 59 were misclassified as malignant. Among 815
malignant cases, 783 were correctly identified, resulting in a
sensitivity of 96% with 32 FN. The low FN rate (<4%) is
especially important for minimizing missed cancer cases, while
the balanced specificity underscores the model’s strong overall
diagnostic reliability.

Feature Space Visualization (TSNE)

204

T T T T T T T
-75 -50 -25 1] 25 50 75

Fig. 5. t-SNE for feature space visualization.
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Feature Space Visualization (PCA)
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Fig. 6. PCA for feature space visualization.
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Fig. 7. Confusion matrix for the proposed EfficientNetB3 CNN on the
tested set.

E. Comparative Analysis with Existing Work

Table III summarizes recent benchmark results on the
BreaKHis dataset, comparing handcrafted feature-based and

early CNN approaches with our EfficientNetB3-based
framework.
TABLE III. RECENT BENCHMARK RESULTS ON THE
BREAKHIS DATASET
Reference Model Used Accuracy
[3] Transfer-learned InceptionV3 89.1%
[4] Fine-tuned ResNet50 88.6%
Completed Local Binary Pattern
(8] (CLBP) + SVM 85.0%
[12] Custom CNN Ensemble 84.4%
Multiple Instance Learning (MIL)-
[14] based CNN 90.5%
This work Eff1c1entNetB_3 Fine-tuned + 92.33%
Explainable

Based on Table III, the proposed model achieved the
highest accuracy score of 92.33%, with the models in [3, 14]
trailing with scores of 8§9.1% and 90.5%, respectively.

Overall, the proposed model's accuracy represents a 7—
12 % absolute improvement over these earlier works,
highlighting the advantages of modern, fine-tuned CNN
backbones enhanced with explainability methods and dynamic
data loading strategies for this complex histopathology
classification task.

F. Medical and Technological Implications

DL-based methodologies, as demonstrated by the proposed
CNN model, offer higher diagnostic accuracy, reducing
misdiagnosis risks and enhancing clinical trust through
interpretable  Grad-CAM  heatmaps. This performance
integrates into computer-aided diagnostic systems, aiding
clinicians while automating feature extraction for scalability
and efficiency. The proposed approach is deployable on edge
devices, enabling real-time diagnostics in low-resource settings
and advancing explainable Al research.

G. Study Limitations

Although the introduced fine-tuned EfficientNetB3 pipeline
achieves state-of-the-art accuracy on BreaKHis, this work is
constrained by reliance on a single publicly available dataset,
potentially limiting generalizability to other institutions’
staining protocols and scanners. The present study did not
evaluate whole-slide images or multi-center cohorts, nor
assessed performance under domain shifts (e.g., different
microscopes). Hyperparameter tuning was limited to validation
splits and may not capture all optimal settings. Finally, the
interpretability analyses focus on Grad-CAM and feature
embedding; future work should explore complementary
explainability methods and prospective clinical validation.

IV. CONCLUSION

This study presented a dynamic and explainable
Convolutional Neural Network (CNN) framework for breast
cancer histopathology, incorporating on-the-fly data loading,
EfficientNetB3 fine-tuning, and integrated Gradient-weighted
Class Activation Mapping (Grad-CAM), t-distributed
Stochastic Neighbor Embedding (t-SNE), and Principal
Component Analysis (PCA) analyses. The proposed model
achieves 92.33% accuracy on the BreaKHis benchmark—
significantly outperforming traditional Machine Learning (ML)
baselines—while offering transparent visualizations to aid
clinical interpretation.

Future work will extend validation to multi-center whole-
slide images, investigate domain adaptation strategies for
varied staining protocols, and integrate complementary
explainability techniques and multi-omics data to further
improve robustness and clinical applicability.
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